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1
ELECTRONIC DEVICE AND CONTROL
METHOD THEREFOR

TECHNICAL FIELD

This disclosure relates to an electronic device and a
control method therefor and, more specifically, to an elec-
tronic device for performing a function of reducing a size of
an artificial neural network by appending a layer including
a learnable function to an artificial neural network, and a
control method therefor.

BACKGROUND ART

Recently, an artificial neural network is widely used in
various fields such as machine translation, voice recognition,
image classification, or the like. Since the application width
of the artificial neural network is gradually widened and a
precise computation is required, the size and necessary
computation amount of the artificial neural network has been
increased exponentially. There is a limit in storing large-
sized artificial neural network models on an on-device
platform (e.g., a smart phone, an Internet of Things (IoT)
device, or the like), and a technology of maintaining accu-
racy of computation while reducing the size and computa-
tional amount of an artificial neural network has been
studied and developed. One representative technology is
channel pruning to reduce the channel size of a layer of an
artificial neural network.

In the related art, a channel pruning technology in which
an absolute value sum of the weights of respective channels
of a layer included in a convolutional neural network is
calculated, and a channel is sequentially cut from a channel
with a smaller sum of absolute values has been utilized.
However, there is a limit that a channel having the smallest
sum of the absolute values of the weight may not be the most
unimportant channel in the artificial neural network.

In the related art, a channel pruning technology for finding
an optimal combination by comparing all the channel com-
binations of layers of an artificial neural network has been
utilized. However, in the related art technology, there is a
limit that an exponential comparison computation should be
performed in order to compare all channels of a layer of an
artificial neural network.

In the related art, a soft gating technology where a trained
weight having a real number between 0 and 1 is multiplied
by each channel and a channel having a small value is
eliminated is used. However, in the related art, there is a
limit in that the weight has an intermediate value between 0
and 1 and thus the weight learning is not complete so that
regularization or annealing algorithms should be addition-
ally applied to the weight.

In the related art, although a variational method of learn-
ing a probability distribution parameter regarding whether
respective channels are to be eliminated has been used, but
whether the channel is to be eliminated depends on prob-
ability and thus, there is a limit that a mask should be
repeatedly sampled.

DISCLOSURE
Technical Problem
It is an object of the disclosure to provide an electronic

device to lighten an existing layer by appending a layer
including a learnable function to a layer of an artificial
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2

neural network and using the learnable function and the
trained parameter, and a control method thereof.

Technical Solution

An electronic device according to an embodiment
includes a memory configured to store at least one instruc-
tion and a processor connected to the memory and config-
ured to control the electronic device, and the processor, by
executing the at least one instruction, may append a second
layer including a learnable function to a first layer in an
artificial neural network including a plurality of layers,
update a parameter value included in the second layer by
training the artificial neural network, obtain a function value
by inputting the updated parameter value to the learnable
function, and update the first layer to a third layer by
eliminating at least one channel among a plurality of chan-
nels included in the first layer based on the obtained function
value.

A control method of an electronic device according to an
embodiment may include appending a second layer includ-
ing a learnable function to a first layer in an artificial neural
network including a plurality of layers, updating a parameter
value included in the second layer by training the artificial
neural network, obtaining a function value by inputting the
updated parameter value to the learnable function, and
updating the first layer to a third layer by eliminating at least
one channel among a plurality of channels included in the
first layer based on the obtained function value.

Effect of Invention

As described above, according to various embodiments,
an electronic device may reduce the size of the artificial
neural network and maintain the accuracy of the computa-
tion by performing pruning through appending a layer
including a learnable function to a layer of the artificial
neural network, even without comparing combinations of all
channels. Therefore, a user may efficiently utilize a com-
pressed artificial neural network in various fields through an
electronic device that performs pruning.

DESCRIPTION OF DRAWINGS

FIG. 1A is a diagram illustrating a control method of an
electronic device according to an embodiment;

FIG. 1B is a diagram illustrating a result obtained when
performing pruning for an artificial neural network by an
electronic device according to an embodiment;

FIG. 1C is a diagram illustrating a result obtained when
performing pruning for an artificial neural network by an
electronic device according to an embodiment;

FIG. 1D is a diagram illustrating a result obtained when
performing pruning for an artificial neural network by an
electronic device according to an embodiment;

FIG. 2A is a block diagram briefly illustrating a configu-
ration of an electronic device according to an embodiment;

FIG. 2B is a block diagram illustrating a configuration of
an electronic device in detail according to an embodiment;

FIG. 3 is a diagram illustrating a learning method of an
artificial neural network according to an embodiment;

FIG. 4 is a diagram illustrating a learnable function
included in a second layer according to an embodiment;

FIG. 5 is a diagram illustrating an experiment result
related to an electronic device according to an embodiment;
and
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FIG. 6 is a diagram illustrating a control method of an
electronic device according to an embodiment.

BEST MODE FOR CARRYING OUT THE
INVENTION

Hereinbelow, various embodiments of the disclosure will
be described with reference to drawings.

FIG. 1A is a diagram illustrating a method of controlling
an electronic device 100 according to an embodiment. As
shown in FIG. 1A, the electronic device 100 may store an
artificial neural network including a plurality of layers. The
layer may refer to each step of an artificial neural network.
The plurality of layers included in the artificial neural
network may have a plurality of weight values, and may
perform a computation of a layer through a computation
result of a previous layer and a computation of a plurality of
weights. An artificial neural network may be composed of a
combination of several layers, and the layer may be repre-
sented by a plurality of weights. A kernel is a set of weights
included in one layer. In one embodiment, the kernel may be
implemented as a tensor, which is a multi-dimensional
matrix. The channel may refer to the last dimension when
the kernel is implemented with a tensor. Thus, the channel
may match the last dimension of the tensor representing an
output value of a specific layer.

Examples of neural networks include, but are not limited
to, a convolutional neural network (CNN), a deep neural
network (DNN), a recurrent neural network (RNN), a
Restricted Boltzmann Machine (RBM), a Deep Belief Net-
work (DBN), a Bidirectional Recurrent Deep Neural Net-
work (BRDNN), and a Deep Q-Networks. It is understood
that the neural network according to various embodiments is
not limited to the above-described example, unless specified
otherwise.

The electronic device 100 may append a second layer
including a learnable function 30 to a first layer among a
plurality of layers included in the artificial neural network to
compress the artificial neural network. According to an
embodiment, the electronic device 100 may append a layer
including a learnable function to all layers included in an
artificial neural network. In another embodiment, when a
first layer among a plurality of layers is selected according
to a user command, the electronic device 100 may append
the second layer to the selected first layer.

The second layer may include the learnable function 30
and a parameter 20 (W, ,, W, ,... W, ). As shown in FIG.
1A, the parameter may denote a parameter for deriving a
function value corresponding to the i”” channel of the first
layer. The learnable function 30 may be a function having a
non-trivial differential value when the parameter 20 value
defined in a real range is input. The learnable function 30
may be a function of adding a differential second function
into a first function that outputs 0 or 1, and the second
function may be a function obtained by multiplying a
differential function and a function having a predetermined
gradient. The first function may be a unit step function and
the second function may be a Sawtooth function, but this is
merely exemplary, and the second function may be imple-
mented as a differential function of which the range of the
output value is limited.

The electronic device 100 may input an arbitrary param-
eter value to the learnable function 30 to obtain 0 or 1 which
is the same as the output value of the first function. In one
embodiment, the electronic device 100 may obtain a func-
tion value 0 by inputting a negative parameter value to the
learnable function 30, and may input a positive parameter
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value to the learnable function 30 to obtain a function value
1. This is merely exemplary and the electronic device 100
may obtain a value having a difference within a threshold
range with O or 1 by inputting a negative or positive
parameter value to the learnable function 30. A mathemati-
cal feature and verification associated with the learnable
function 30 will be described in detail with reference to FIG.
4.

The electronic device 100 may train the artificial neural
network and update the parameter 20 included in the second
layer. The electronic device 100 may obtain output data 40
of the second layer by multiplying the function value
obtained when the parameter 20 is input to the learnable
function 30 of the second layer and the output data 10 of the
first layer.

According to an embodiment, when the function value
obtained through the learnable function 30 is 0, the elec-
tronic device 100 may perform a multiplication computation
with a function value of 0 by a channel of the output data 10
of the first layer corresponding to the parameter 20 input to
the learnable function 30. As shown in FIG. 1A, the output
data 40 of the second layer may be data of which some of
channels 50-1 and 50-2 among the output data 10 of the first
layer are masked with zero.

Output data 10 and 40 of respective layers may be
implemented with a tensor of a multi-dimensional matrix,
but this is merely exemplary, and may be implemented with
various formats (e.g., a vector, or the like).

The electronic device 100 may generate a loss function
associated with a difference between an output value of the
artificial neural network based on the output data 40 of the
second layer and an output value to be obtained by the
electronic device 100 and may obtain a parameter for
outputting a minimum function value (i.e., 2 minimum loss
value) of the generated loss function. In one embodiment,
the electronic device 100 may apply a stochastic gradient
descent algorithm to a loss function to obtain and update a
parameter 20 value with minimized loss value. The stochas-
tic gradient descent algorithm is an algorithm capable of
obtaining a parameter value for outputting a minimum
function value (loss value) in a loss function. The electronic
device 100 may obtain a parameter value capable of out-
putting a minimum function value by applying various
algorithms (e.g., a momentum algorithm, an adagrad algo-
rithm, an adam algorithm, or the like) to a loss function, as
well as a stochastic gradient descent algorithm. The elec-
tronic device 100 may update a parameter included in the
second layer to a parameter that outputs a minimum function
value of the loss function.

The loss function may be a function of adding an addi-
tional loss function indicating the size or computational
complexity of a layer to be obtained after compression to a
loss function to maximize the accuracy of the artificial
neural network computation. In one embodiment, the loss
function representing the size of the layer may be computed
as the sum of the output values of the learnable function 30
included in the second layer, and the loss function repre-
senting the computational complexity of the layer may be
computed as multiplication of the sum of the output values
of the learnable function 30 included in the second layer by
the size of the input value of the first layer. In another
embodiment, the additional loss function may be imple-
mented as a sum of weights of a loss function that represents
the size of the layer or computational complexity.

The electronic device 100 may obtain a function value by
inputting the updated parameter 20 into the learnable func-
tion 30, and update the first layer to a third layer by
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eliminating at least one channel among the plurality of
channels included in the first layer based on the obtained
function value. When a function value is obtained by input-
ting W, ; among the parameters to the learnable function 30,
the electronic device 100 may identify whether to eliminate
the i channel of the first layer according to the obtained
function value (0 or 1). If a function value of 0 is obtained
by inputting W, , among the parameters to the learnable
function 30, the electronic device 100 may eliminate the i”
channel of the first layer 10. Outputting 0 by inputting W, ,
among the parameters to the learnable function 30 may
mean that the i” channel of the first layer may mean an
unimportant channel in the entire computation of the artifi-
cial neural network and thus may be eliminated by the
electronic device 100. The overall size and computation
amount of the artificial neural network may be reduced and
the accuracy of the computation may be maintained. If a
function value of 1 is obtained by inputting W, ; among the
parameters to the learnable function 30, the electronic device
100 may maintain the i” channel of the first layer.

The electronic device 100 may eliminate the second layer
and update to a third layer in which at least one channel
among the plurality of channels included in the first layer is
eliminated, based on the function value. However, this is
merely exemplary, and the electronic device 100 may first
update the first layer to the third layer and then may
eliminate the second layer.

In one embodiment, as shown in FIG. 1B, the electronic
device 100 may perform pruning by appending a second
layer to the first layer, thereby updating the first layer to the
third layer with reduced number of channels. The electronic
device 100 may eliminate some of channels 60-1 and 60-2
included in the first layer based on the function value output
from the learnable function so as to update the first layer to
the third layer.

According to an embodiment, the electronic device 100
may obtain a function value by inputting the updated param-
eter 20 value to the learnable function 30, may change a
weight of a first kernel based on the obtained function value,
and may update the first kernel of the first layer to the second
kernel including the changed weight.

The electronic device 100 may append a second layer
having a learnable parameter 50 as much as the number of
weights of the kernel of the first layer and train the artificial
neural network to update the parameters. The electronic
device 100 may identify whether to change the weight of the
first kernel of the first layer to O according to the function
value obtained by inputting the updated parameter to the
learnable function 30. For example, if the first kernel of the
first layer is implemented in the form of a three-dimensional
3x3x64 (i.e., a filter in a 3x3 format is implemented with 64
channels), the electronic device 100 may append, to the first
layer, a second layer that includes the learnable parameter 20
in a matrix of 3x3x64 format which may correspond to a
weight included in the first kernel in 1 to 1 manner. The
electronic device 100 may update parameters by training an
artificial neural network. If the function value obtained by
inputting the updated parameter to the learning function 30
is 0, the electronic device 100 may change the weight of the
first kernel of the first layer corresponding to the parameter
input to the learnable function to 0. For example, if the
parameter when outputting a function value of 0 corresponds
to the weight of the (3,3,20) position of the first kernel, the
electronic device 100 may change the weight of the (3,3,20)
position of the first kernel to 0. If the obtained function value
is 1, the electronic device 100 may maintain a weight of the
first kernel of the first layer corresponding to the parameter
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input to the learnable function 30 as it is. Therefore, the
electronic device 100 may change a portion of the weight of
the first kernel of the first layer to 0, thereby reducing the
amount of computation of the entire artificial neural net-
work.

For example, as shown in FIG. 1C, the electronic device
100 may perform pruning by appending the second layer to
the first layer, thereby changing a portion of the weight
included in the first kernel of the first layer to O, and updating
the first kernel to the second kernel 70 including the changed
weight.

In another embodiment, the electronic device 100 may
reduce the amount of computation by removing a partial
channel of the layer based on the function value obtained by
inputting the updated parameter to the learnable function,
possibly reducing the amount of computation by changing
the weight of the individual kernel of the layer to 0, and
lightening the artificial neural network by removing the
specific layer.

The electronic device 100 may eliminate at least one layer
among the plurality of layers included in the artificial neural
network on the basis of the function value obtained by
inputting the updated parameter 20 to the learnable function
30. For example, when the parameter which was input to the
learnable function when outputting a function value of 0
corresponds to a first layer, the electronic device 100 may
eliminate the first layer of the artificial neural network.
When the parameter which was input to the learnable
function when outputting the function value of 1 corre-
sponds to the first layer, the electronic device 100 may
maintain the first layer of the artificial neural network as it
is.

In one embodiment, as shown in FIG. 1D, the electronic
device 100 may eliminate some of the plurality of layers by
appending the second layer including the learnable function
30 to respective layers included in the artificial neural
network. For example, if the function value obtained
through the learnable function 30 is O and the parameter
input to the learnable function 30 corresponds to the first and
third layers, the electronic device 100 may lighten the
artificial neural network by eliminating the first and third
layers.

FIG. 2A is a schematic diagram of the electronic device
100 according to an embodiment. As shown in FIG. 2A, the
electronic device 100 may include a memory 110 and a
processor 120. The configurations shown in FIG. 2A are
exemplary for implementing embodiments, and any suitable
hardware/software configurations that would be obvious to
those skilled in the art may be further included in the
electronic device 100.

The memory 110 may store instructions or data related to
at least one other elements of the electronic device 100. The
memory 110 may be implemented as a non-volatile memory,
avolatile memory, a flash-memory, a hard disk drive (HDD),
slid state drive (SSD), or the like. The memory 110 may be
accessed by the processor 120, and may perform reading,
recording, modifying, deleting, updating, or the like, of data
by the processor 120. The term memory may include the
read only memory (ROM), random access memory (RAM)
in the processor 120, or a memory card (for example, micro
secure digital (SD) card, a memory stick) mounted in the
electronic device 100.

The memory 110 may store an artificial neural network
including a plurality of layers, and may store kernel and
parameters included in each layer. The memory 110 may
store output data of respective layers and output data of the
entire artificial neural network.
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The processor 120 may be electrically connected to the
memory 110 to control the overall operation and function of
the electronic device 100. The processor 120 may perform at
least one instruction stored in the memory 110 to append a
second layer including a learnable function to a first layer of
an artificial neural network including a plurality of layers, to
update a parameter value included in the second layer by
training the artificial neural network, to obtain a function
value by inputting the updated parameter value to the
learnable function, and update the first layer to the third
layer by eliminating at least one channel among the plurality
of channels included in the first layer based on the obtained
function value.

The processor 120 may append a layer that includes a
learnable function to all layers included in the artificial
neural network to reduce the size of the artificial neural
network. However, this is merely exemplary, and if a user
command for selecting a specific layer is input through the
inputter 130, the processor 120 may append a learnable
function to the selected layer. The learnable function is a
function of adding a differential second function into a first
function outputting 0 or 1, and the second function may be
a function obtained by multiplying the differential function
by a function having a predetermined gradient. The math-
ematical feature and verification of the function will be
described in detail with reference to FIG. 4.

The processor 120 may train an artificial neural network
to update a parameter value included in the second layer.
According to an embodiment, the processor 120 may obtain
output data of the second layer by multiplying the function
value of the learnable function included in the second layer
and the output data of the first layer by channels. For
example, if the parameter included in the second layer is
(W1, W, ... W, ), the processor 120 may obtain a
function value by inputting (W, ,, W,, ... W ) to the
learnable function, and may obtain the output data of the
second layer by multiplying the obtained function value by
the first channel, the second channel, . . . and the n? channel.
The processor 120 may generate a loss function based on the
obtained output data of the second layer. The processor 120
may obtain a parameter value that minimizes a function
value (loss value) by applying a stochastic gradient descent
algorithm to the loss function, and may update the existing
parameter value to the obtained parameter value. However,
the stochastic gradient descent algorithm is merely an
embodiment, and the electronic device 100 may obtain a
parameter value to have a minimum function value by
applying various algorithms (e.g., a momentum algorithm,
an adagrad algorithm, an adam algorithm, etc.) to a loss
function.

The processor 120 may obtain a function value by input-
ting the updated parameter value to the learnable function.
The processor 120 may obtain a function value by inputting
the updated parameter value to a learnable function. For
example, if the updated parameter value is negative, the
processor 120 may input a parameter value, which is a
negative function, to obtain a function value of 0. If the
updated parameter value is positive, the processor 120 may
input a parameter value, which is a positive function, to
obtain a function value of 1. However, this is merely
exemplary and the processor 120 may input a parameter
value, which is a negative number or a positive value, to a
learnable function to obtain a value having a difference
within a threshold range of 0 or 1, respectively.

The processor 120 may eliminate at least one channel
among the plurality of channels included in the first layer
based on the obtained function value to update the first layer
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to the third layer. If the obtained function value is O, the
processor 120 may climinate the kernel of the first layer
corresponding to the parameter input to the learnable func-
tion. For example, when the parameter input when the
function value of 0 is obtained is W ;, the processor 120
may delete the first channel of the first layer. When the
parameter input if the function value of 1 is inputis W, ,, the
processor 120 may maintain the second channel of the first
layer as it is. The processor 120 may update the first layer to
the third layer which eliminates or maintains a channel
based on the function value.

The processor 120 may update the first layer to the third
layer by eliminating the second layer and eliminating at least
one channel among the plurality of channels included in the
first layer based on the function value, but this is merely
exemplary and may update the layer to the third layer and
then may eliminate the second layer.

The processor 120 may obtain a function value by input-
ting the updated parameter value to a learnable function,
change a weight of the first kernel of the first layer based on
the obtained function value, and update the first kernel of the
first layer to the second kernel including the changed weight.
As an embodiment, if the function value obtained when the
first kernel of the first layer is implemented as 3x3x64
matrix is 0, the processor 120 may change the weight of the
first kernel of the first layer corresponding to the parameter
input to the learnable function to 0. For example, if the
parameter when the function value of 0 is output corre-
sponds to the weight of the (3,3,20) position of the first
kernel, the processor 120 may change the weight of the
(3,3,20) position of the first kernel to 0. The processor 120
may maintain a weight of the (3,3,20) position of the first
kernel if the parameter when the function value of 1 is output
corresponds to the weight of the (3,3,20) position of the first
kernel.

The processor 120 may be configured as one or a plurality
of processors, and the processor 120 may be implemented as
a general-use processor such as a central processing unit
(CPU), an application processor (AP), a graphics-only pro-
cessor such as a graphic processing unit (GPU), a vision
processing unit (VPU), or the like, or an artificial intelli-
gence (Al)-only processor such as a neural processing unit
(NPU).

One or a plurality of processors control to process input
data according to a predefined operating rule or Al model
stored in the memory 110. The predefined operating rule or
Al model is made through learning.

Here, being made through learning may indicate that a
predetermined operating rule or an Al model with a desired
feature is made by applying a training or learning algorithm
to a plurality of training or learning data. The learning may
be performed in a device itself in which Al according to an
embodiment is performed, and may be implemented through
a separate device or server/system.

The learning algorithm is a method for training a prede-
termined target device (e.g., a robot) using a plurality of
learning data to cause the predetermined target device to
make a determination or prediction by itself. Examples of
learning algorithms include supervised learning, unsuper-
vised learning, semi-supervised learning, or reinforcement
learning, and the learning algorithm in the disclosure is not
limited to the examples described above except when speci-
fied.

FIG. 2B is a block diagram illustrating a configuration of
the electronic device 100. As illustrated in FIG. 2B, the
electronic device 100 may include the memory 110, the
processor 120, the inputter 130, a communicator 140, a
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display 150, and an audio outputter 160. The memory 110
and the processor 120 which were described with reference
to FIG. 2A will not be further described to avoid redundancy.

The inputter 130 may receive various user inputs and
deliver the user inputs to the processor 120. The inputter 130
may include a touch sensor, a (digital) pen sensor, a pressure
sensor, a key, or the like. The touch sensor may use, for
example, at least one of electrostatic, resistive, infrared, or
ultrasonic methods. A (digital) pen sensor may, for example,
be part of a touch panel or include a separate recognition
sheet.

As an embodiment, a user command to select the first
layer, among the plurality of layers included in the artificial
neural network, may be received through the inputter 130 to
reduce the number of channels and the user command may
be transmitted to the processor 120.

The communicator 140 may communicate with an exter-
nal device through various communication methods. Com-
municatively connecting the communicator 140 with the
external device may include communication via a third
device (e.g., a relay, a hub, an access point, a server, a
gateway, or the like).

The communicator 140 may include various communica-
tion modules to communicate with the external device. For
example, the communicator 140 may include a wireless
communication module, for example, a cellular communi-
cation module using at least one of long term evolution
(LTE), LTE Advance (LTE-A), code division multiple access
(CDMA), wideband CDMA (WCDMA), universal mobile
telecommunications system (UMTS), wireless broadband
(WiBro), global system for mobile communications (GSM),
or the like. As another example, the wireless communication
module may include, for example, wireless fidelity (WiF1i),
Bluetooth, Bluetooth low energy (BLE), or ZigBee.

The display 150 may display various information accord-
ing to the control of the processor 120. The display 150 may
display an indicator notifying that the first layer is updated
to the third layer according to the control of the processor
140.

The display 150 may be implemented as a touch screen
along with a touch panel. The embodiment is not limited to
the above implementation and the display 150 may be
implemented differently according to the type of the elec-
tronic device 100.

The audio outputter 160 may be configured to output
various alarm sounds or voice messages as well as various
audio data for which various processing operations such as
decoding, amplification, noise filtering, or the like, are
performed by an audio processor (not shown). In an embodi-
ment, the audio outputter 160 may output an audio signal
indicating that the first layer is updated to the third layer.

The audio outputter 160 may be implemented as the
speaker 160, but this is merely exemplary and may be
implemented with another output terminal capable of out-
putting audio data.

FIG. 3 is a diagram illustrating a learning method of an
artificial neural network including a plurality of layers stored
in the electronic device 100 according to an embodiment.

For example, when input data 310 for training is received
from the user or the external device, the electronic device
100 may input the input data 310 to a first layer 320 to obtain
output data 330. The input data 310 may be image data or
voice data, but is not limited thereto. The output data 330
may be a feature map obtained by performing a convolution
operation between the kernel of the first layer 320 and the
input data 310. The input data 310 and the output data 330
shown in FIG. 3 may be implemented in a tensor of a
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multi-dimensional matrix format, but the input data 310 and
the output data 330 may be implemented in various forms
(e.g., vectors, etc.).

The electronic device 100 may obtain the masked output
data 340 by multiplying the function value obtained by
inputting the learnable parameter 370 and the output data
330 by respective channels. For example, if the parameter
(W, ) of the function value to be multiplied by the i output
data is negative, the electronic device 100 may obtain a
function value of 0 by inputting a parameter value that is
negative to the learnable function, and multiply the obtained
function value of 0 by the i output data. If the parameter
(W, ) of the function value to be multiplied by the i output
data is positive, the electronic device 100 may obtain a
function value of 1 by inputting a parameter value that is
positive to the learnable function, and may multiply the
obtained function value of 1 by the i” output data. The
electronic device 100 may multiply the function value 0 or
1 by channels of the output data 330 to obtain the masked
output tensor 340. The learnable function 380 and the
learnable parameter 370 may be included in a second layer
appended to the first layer.

The learnable function 380 may be a function of adding
a differential second function to the first function outputting
a discretized value such as a value of 0 or 1 or outputting —1
or 1, and the second function may be a function obtained by
multiplying a differential function by a function having a
predetermined gradient. The mathematical feature and veri-
fication associated with the learnable function will be
described in detail with reference to FIG. 4.

According to one embodiment, the electronic device 100
may obtain a loss function based on the masked output data
340 and apply the stochastic gradient descent algorithm to
the loss function to obtain a parameter that enables the
function value (loss value) to be minimized. Since a method
for obtaining a parameter having a minimum function value
in a loss function through a stochastic gradient descent
algorithm is a well-known art and a detailed description will
be omitted. The electronic device 100 may update 360 an
existing parameter to a newly obtained parameter.

If the additional input data 310 is input, the electronic
device 100 may obtain the output data by inputting the input
data to the first layer, and may obtain the masked output data
by multiplying the function value obtained by inputting the
obtained and updated parameter 370 to the learnable func-
tion included in the second layer by the output data for
respective channels. The loss function may be obtained
based on the masked output data as described above, and a
parameter value which minimizes a loss function value by
applying a stochastic gradient descent algorithm to the loss
function may be obtained. The electronic device 100 may
update an existing parameter to the obtained parameter. The
electronic device 100 may learn the artificial neural network
and update a parameter value, as shown in FIG. 3.

FIG. 4 is a diagram illustrating a learnable function
included in a second layer according to an embodiment.

The learnable function 450 included in the second layer is
a function that is obtained by adding the first function 410
outputting 0 or 1 and the differential second function 420. As
shown in FIG. 4, the first function 410 may be a unit step
function that outputs 0 when inputting a negative parameter
value, and outputs 1 when inputting a positive parameter
value. The embodiment is merely exemplary, and the first
function 410 may be implemented with another function that
outputs 0 or 1.

For example, when the first function 410 is implemented
as a unit step function, the electronic device 100 may not



US 12,198,032 B2

11

train a parameter by applying a stochastic gradient descent
algorithm utilizing differential to a loss function, since the
differential value for the arbitrary parameter value is 0.
Accordingly, the second differential function 420 may be
added to the unit step function. The second function 420 may
be a function obtained by multiplying the differential func-
tion 430 by a function having a predetermined gradient (or
derivative shape) 440. The differential function 430 may be
implemented as a function having a positive differential
value with a limited range of an output value, and may
include a Sawtooth function as an embodiment. In one
embodiment, the second function 430, which is a differential
function in which the differential function 430 is imple-
mented as a Sawtooth function, is represented by Equation
1.

M'w—|M"w|
M

Equation 1
S (w) = 4

Wherein M of Equation 1 represents a predetermined
positive integer and a gradient value for arbitrary w (param-
eter) of Equation 1 is 1.

If the learnable function 450 is defined as b“”(w;g) and
the function 440 having a predetermined gradient is defined
as g, the learnable function is as Equation 2.

B0(w; gy=b(w)+s M (w)*g(w)

When the value of M exceeds a threshold value (e.g.,
1075), when the learnable function 450 is implemented as in
Equation 2, the learnable function 450 may output the
function value which is the same as the first function or has
an error within the threshold range with respect to the
arbitrary w (parameter). The learnable function may output
a gradient value which is identical with the function 440
having a predetermined gradient or a gradient value with an
error within the same or threshold range as the function 440
having a predetermined gradient.

If M exceeds the threshold value, that the learnable
function 450 may output the function value which is the
same as the first function or having an error within a
threshold range with respect to an arbitrary w (parameter)
may be verified as Equation 3.

Equation 2

1 Equation 3
[600w3 g = ] =S¥ ow) g = o-lgl 50

If M exceeds the threshold value, that the learnable
function 450 may output the gradient value which is the
same as the function having a preset gradient or having an
error within a threshold range with respect to an arbitrary w
(parameter) may be verified as Equation 4.

|b(M)(W; gy —g(w)| = Equation 4

1
@00 gon) + PO 0n)gony - gw)] = [s*0ngowy | = -lgowY] - 0

According to an embodiment, since the M value of the
second function exceeds a threshold value, the learnable
function 450 may output a function value which is the same
as the first function or a function value having an error
within the threshold range with respect to an arbitrary w
(parameter), and may output a gradient value which is the
same as the function 440 having a predetermined gradient or
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having an error within he threshold range as the function 440
having a predetermined gradient. If a parameter, which is a
negative number or a positive number, is input to the
learnable function 450, the electronic device 100 may output
a function value of 0 or 1, or output a function value in
which an error within a range of 0 or 1 and a threshold range
is generated. Since the differential value of the learnable
function 450 is not 0, the artificial neural network may be
trained by applying a stochastic gradient descent method to
the artificial neural network to update the parameter value
included in the second layer.

FIG. 5 is a diagram illustrating experimental results
related to the electronic device 100, according to an embodi-
ment. Specifically, FIG. 5 is a diagram for comparing an
experimental result (compression rate and accuracy of com-
putation after compression and compression) in a manner
different from that of the method in which the electronic
device 100 compresses the first layer. Floating point opera-
tions (FLOPs) are the ratio obtained by dividing the com-
putation amount of the related-art artificial neural network
by the computation amount of the artificial neural network
which is compressed by appending the learnable second
layer. Therefore, the greater the compression ratio, the more
the artificial neural network has been compressed.

FIG. 5 illustrates an experimental result when the elec-
tronic device 100 compresses an artificial neural network
structure, which is the ResNet-56(v2) in the CIFAR-10 data
set in various ways. (A) method denotes compression of an
artificial neural network by obtaining a sum of absolute
values of weights for respective channels associated with a
kernel of a layer included in an artificial neural network, and
eliminating a kernel with a smaller sum of absolute values.
(B) method denotes compression of an artificial neural
network by multiplying each channel of a layer by a trained
weight having a real value between 0 and 1 and eliminating
a channel with a small value. (C) method denotes compres-
sion of an artificial neural network according to the control
method of the electronic device 100 described above.

As shown in FIG. 5, the compression rate of the artificial
neural network of (A) method is 1.21 times, but in (C)
method, the compression rate is twice. In addition, in (B)
method, the artificial neural network compression ratio is
equal to or within an error range with the (C) method, there
is a difference in the accuracy of computation after com-
pression of an artificial neural network. In (B) method,
accuracy drops by 1% point after compression of the arti-
ficial neural network, whereas, in (C) method, the accuracy
of computation drops by about 0.46%. That is, through the
experimental results of FIG. 5A, it may be identified the
compression rate of the artificial neural network and accu-
racy of computation after compression of the method (C) is
higher than (A) and (B) methods.

FIG. 6 is a flow chart illustrating a control method of the
electronic device 100 according to an embodiment.

The electronic device 100 may connect a second layer
including a learnable function to a first layer among an
artificial neural network including a plurality of layers in
operation 5610. In one embodiment, the electronic device
100 may connect a layer including a learnable function to all
layers included in the artificial neural network, respectively.
According to another embodiment, when a user command
for selecting a layer to reduce the size of a channel is input,
the electronic device 100 may connect a layer including a
learnable function to the selected layer. The learnable func-
tion is a function that is obtained by adding a first function
outputting 0 or 1 to a differential second function, and the
second function is a function that is obtained by multiplying
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a differential function by a function having a predetermined
gradient. The mathematical feature of the function has been
described with reference to FIG. 4 and will not be further
described.

The electronic device 100 may update the parameter value
included in the second layer by training the artificial neural
network in operation 5620. The electronic device 100 may
obtain output data of the second layer by multiplying the
channel-wise function value by output data of the first layer,
generate a loss function based on the output data of the
second layer, and obtain a parameter to output a minimum
function value of the loss function. For example, the elec-
tronic device 100 may obtain a parameter to output a
minimum function value of the loss function by applying a
stochastic gradient descent to the loss function and may
update the parameter to the obtained parameter.

In operation 5630, the electronic device 100 may obtain
a function value by inputting the updated parameter value to
the learnable function in operation 5630. The electronic
device 100 may update the first layer to the third layer by
eliminating at least one channel among the plurality of
channels included in the first layer based on the obtained
function value in operation 5640. In one embodiment, when
the updated parameter value is negative, the electronic
device 100 may obtain a function value 0 by inputting a
parameter value that is a negative function to the learnable
function, and may eliminate a kernel of the first layer
corresponding to the parameter. For example, if a parameter,
which is a negative number input to the learnable function,
is W, , the electronic device 100 may obtain a function
value 0 and eliminate the i channel of the first layer. If the
parameter, which is a positive value input to the learnable
function, is W, ,, the electronic device 100 may obtain a
function value 1 and maintain the i” channel of the first layer
as it is.

The electronic device 100 may eliminate the second layer
appended to the first layer and eliminate at least one channel
among the plurality of channels included in the first layer
based on the function value to obtain the channel pruned
third layer from the first layer. However, this is an example
and the second layer may be eliminated after updating the
first layer to the third layer.

Hereinafter, embodiments of the disclosure will be
described with reference to the accompanying drawings.
However, it may be understood that the disclosure is not
limited to the embodiments described hereinafter, but
include various modifications, equivalents, and alternatives
of the embodiments of the disclosure. For the description of
the drawings, similar reference numerals may be used for
similar constituent elements.

In the disclosure, the term “has,” “may have,” “includes”
or “may include” indicates existence of a corresponding
feature (e.g., a numerical value, a function, an operation, or
a constituent element such as a component), but does not
exclude existence of an additional feature.

In the disclosure, the term “A or B,” “at least one of A
or/and B,” or “one or more of A or/and B” may include all
possible combinations of the items that are enumerated
together. For example, the term “A or B”, “at least one of A
and B”, or “at least one of A or B” may designate (1) at least
one A, (2) at least one B, or (3) both at least one A and at
least one B.

In the disclosure, the terms “first, second, etc.” may be
used to describe various elements regardless of their order
and/or importance and to discriminate one element from
other elements, but are not limited to the corresponding
elements.
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If it is described that an element (e.g., first element) is
“operatively or communicatively coupled with/to” or is
“connected to” another element (e.g., second element), it
may be understood that the element may be connected to the
other element directly or through still another element (e.g.,
third element). When it is mentioned that one element (e.g.,
first element) is “directly coupled” with or “directly con-
nected to” another element (e.g., second element), it may be
understood that there is no element (e.g., third element)
present between the element and the other element.

Herein, the expression “configured to” may be used
interchangeably with, for example, “suitable for”, “having
the capacity t0”, “designed to”, “adapted to”, “made to”, or
“capable of”. The expression “configured to” does not
necessarily mean “specifically designed to” in a hardware
sense. Instead, under some circumstances, “a device con-
figured to” may indicate that such a device may perform an
operation along with another device or part. For example,
the expression “a processor configured to perform A, B, and
C” may indicate an exclusive processor (e.g., an embedded
processor) to perform the corresponding operation, or a
generic-purpose processor (e.g., a central processor (CPU)
or application processor (AP)) that may perform the corre-
sponding operations by executing one or more software
programs stored in the memory device.

The electronic device according to various embodiments
may include, for example, a smartphone, a tablet personal
computer (PC), a desktop PC, a laptop PC, a netbook
computer, a server, a personal digital assistant (PDA), a
medical device, a camera, or a wearable device. In some
embodiments, the electronic device may include at least one
of, for example, a television, a refrigerator, air-conditioner,
an air purifier, a set top box, a media box (e.g., SAMSUNG
HOMESYNC™, APPLE TV™, or GOGGLE TV™,

A term user may refer to a person using an electronic
device or a device (e.g., an artificial intelligence electronic
device) using the electronic device. Hereinbelow, the dis-
closure will be described in greater detail with reference to
drawings.

Here, various embodiments of the disclosure may be
implemented in software, including instructions stored on
machine-readable storage media readable by a machine
(e.g., a computer). An electronic apparatus, including the
electronic apparatus 100 and 200, may call instructions from
the storage medium and execute the called instruction
according to the embodiments of the disclosure. When the
instructions are executed by a processor, the processor may
perform a function corresponding to the instructions directly
or by using other components under the control of the
processor. The instructions may include a code generated by
a compiler or a code executable by an interpreter. A
machine-readable storage medium may be provided in the
form of a non-transitory storage medium. Herein, the term
“non-transitory” only denotes that a storage medium does
not include a signal but is tangible, and does not distinguish
the case in which data is semi-permanently stored in a
storage medium from the case in which data is temporarily
stored in a storage medium.

According to an embodiment, the method according to the
above-described embodiments may be provided as being
included in a computer program product. The computer
program product may be traded as a product between a seller
and a consumer. The computer program product may be
distributed online in the form of machine-readable storage
media (e.g., compact disc read only memory (CD-ROM)) or
through an application store (e.g., Play Store™ and App
Store™) or distributed online (e.g., downloaded or
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uploaded) directly between to users (e.g., smartphones). In
the case of online distribution, at least a portion of the
computer program product may be at least temporarily
stored or temporarily generated in a server of the manufac-
turer, a server of the application store, or a machine-readable
storage medium such as memory of a relay server.

According to embodiments of the disclosure, the respec-
tive elements (e.g., module or program) of the elements
mentioned above may include a single entity or a plurality
of entities. Furthermore, at least one element or operation
from among the corresponding elements mentioned above
may be omitted, or at least one other element or operation
may be added. Alternatively or additionally, a plurality of
components (e.g., module or program) may be combined to
form a single entity. As such, the integrated entity may
perform functions of at least one function of an element of
each of the plurality of elements in the same manner as or
in a similar manner to that performed by the corresponding
element from among the plurality of elements before inte-
gration. The module, a program module, or operations
executed by other elements according to variety of embodi-
ments may be executed consecutively, in parallel, repeat-
edly, or heuristically, or at least some operations may be
executed according to a different order, may be omitted, or
the other operation may be added thereto.

What is claimed is:
1. An electronic device comprising:
a memory configured to store at least one instruction; and
a processor connected to the memory and configured to
control the electronic device,
wherein the processor, by executing the at least one
instruction, is further configured to:
append a second layer including a trainable function to
a first layer in an artificial neural network including
a plurality of layers, wherein the trainable function is
obtained by adding a first function outputting 0 or 1
to a differentiable second function and the differen-
tiable second function is obtained by multiplying a
differentiable function by a function having a pre-
determined gradient,
obtain a first function value by inputting parameter
value of the second layer to the trainable function,
obtain output data of the second layer by multiplying
output data of the first layer by the first function
value channel-wise,
generate a loss function based on the output data of the
first layer and the output data of the second layer,
obtain parameter value that outputs minimum function
value of the loss function,
update the parameter value of the second layer to the
obtained parameter value that outputs the minimum
function value of the loss function,
obtain a second function value by inputting the updated
parameter value to the trainable function, and
update the first layer to a third layer by eliminating at
least one channel among a plurality of channels
included in the first layer based on the obtained
second function value,
wherein the loss function is a function of adding an
additional loss function indicating a size or computa-
tional complexity of a layer of the artificial neural
network to be obtained after compression of the arti-
ficial neural network to a loss function using a sum of
output values of the trainable function.
2. The electronic device of claim 1, wherein the processor
is further configured to:
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based on the updated parameter value being negative,
obtain a function value of 0 by inputting a negative
parameter value to the trainable function, and

based on the updated parameter value being positive,

obtain a function value of 1 by inputting a positive
parameter value to the trainable function.

3. The electronic device of claim 2, wherein the processor
is further configured to:

based on the obtained function value of 0, eliminate a

channel of the first layer corresponding to the param-
eter value input to the trainable function; and

based on the obtained function value of 1, maintain the

channel of the first layer corresponding to the param-
eter value input to the trainable function.

4. The electronic device of claim 1, wherein the processor
is further configured to update the first layer to a third layer
by eliminating the second layer and eliminating the channel
of the first layer based on an obtained function value.

5. The electronic device of claim 1, wherein the processor
is further configured to:

obtain a function value by inputting the updated param-

eter value to the trainable function;

change a weight of a first kernel of the first layer based on

the obtained function value; and

update the first kernel of the first layer to a second kernel

including the changed weight.
6. The electronic device of claim 5, wherein the processor
is further configured to:
based on the obtained function value being 0, change a
weight of the first kernel of the first layer corresponding
to the parameter value input to the trainable function to
0; and

based on the obtained function value being 1, maintain the
weight of the first kernel of the first layer corresponding
to the parameter value input to the trainable function.
7. A control method of an electronic device, the method
comprising:
appending a second layer including a trainable function to
a first layer in an artificial neural network including a
plurality of layers, wherein the trainable function is
obtained by adding a first function outputting O or 1 to
a differentiable second function and the differentiable
second function is obtained by multiplying a differen-
tiable function by a function having a predetermined
gradient;
obtaining a first function value by inputting parameter
value of the second layer to the trainable function;

obtaining output data of the second layer by multiplying
output data of the first layer by the first function value
channel-wise;

generating a loss function based on the output data of the

first layer and the output data of the second layer;
obtaining parameter value that outputs minimum function
value of the loss function;

updating the parameter value of the second layer to the

obtained parameter value that outputs the minimum
function value of the loss function;
obtaining a second function value by inputting the
updated parameter value to the trainable function; and

updating the first layer to a third layer by eliminating at
least one channel among a plurality of channels
included in the first layer based on the obtained second
function value,

wherein the loss function is a function of adding an

additional loss function indicating a size or computa-
tional complexity of a layer of the artificial neural
network to be obtained after compression of the arti-
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ficial neural network to a loss function using a sum of
output values of the trainable function.
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